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Abstract 
To stop pandemic of the 2019 novel coronavirus (COVID-19), "an 80 percent reduction of person to person contact 
opportunities" was proposed by the Japanese government. This guideline was based on the result of macroscopic 
differential equation model akin to the SIR (Susceptible-Infected-Recovered) model. For the purpose of indicating 
person to person’s infection mechanism intuitively, we built a new model to calculate infections between two persons 
who are in contact each other. This model adopted a spatial random walk model to express random movement of people 
in a specific 2-D geographical space. This model was applied to verify the effect of the proposed infection control 
procedure, "80 percent reduction". The result of the numerical simulation supported a proposed infection control 
procedure of "an 80 percent reduction" derived by the SIR model. 
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1. Introduction 
SARS-CoV-2 is a SARSr-CoV coronavirus strain that causes the disease COVID-19 (Gorbalenya et al., 2020). It was first 
identified in Wuhan area of China in December 2019 (Zhou et al., 2020) and by xx date has since caused a global 
pandemic of COVID-19. In Japan, the number of infections started to increase from mid-March of 2020, among people 
returning from overseas and among persons in whom the route of infection was unknown, leading an outbreak of a 
full-scale epidemic. 
On the 7th of April of 2020, a state of emergency was declared in seven prefectures of Japan including the Tokyo 
metropolitan area (https://corona.go.jp/news/pdf/kinkyujitai_sengen_0407.pdf; in the Home Page of the Japanese Cabinet 
Secretariat, referenced on 27 April of 2020). On the evening of 16th April of 2020, this was extended to the entire country. 
To prevent the spread of infection, person-to-person contact by ought to be reduced by 80% based on calculations done by 
Prof. Nishiura (Hokkaido University) and others in the Cluster Response Team of the Japanese Ministry of Health, Labour 
and Welfare (MHLW) using numerical model simulations. Based on news reports (e.g. 
https://www.mhlw.go.jp/content/10900000/000624048.pdf; in the Home Page of the MHLW, referenced on 22 April of 
2020), the numerical model was based on the SIR model (Kermack and McKendrick 1927), a classic set of equations that 
provide a deterministic description of the short-term spread of infection in an epidemic. The SIR model assumes there are 
three statuses of populations in an epidemic; Susceptible (S), Infected (I), and Recovered (R). Susceptible individuals 
progress to Infected status as a constant proportion of the product of the number of Susceptible and Infected individuals, 
after which Infected individuals progress to Recovered status at a constant rate, with the model’s development over time 
expressed as a continuous dynamical system that is described by an ordinary differential equation. However, the actual 
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spread of infection occurs in two-dimensional (2-D) spaces in specific regions, and therefore results calculated solely 
from macroscopic differential equations are not intuitively easy to understand. 
Modelling studies on the spread of infection include analyses simulating the movement of people and pathogens in such 
2-D spaces akin to the horizontal flow and dispersion of physical substances (Smallman-Raynor, Cliff & Barford, 2015; 
Haggett, 1976; Reluga, Medlock & Galvani, 2006; Birrell et al., 2016; Simoes, 2005; Chen et al., 2005; Fitzgibbon et al., 
2019). For example, Simoes (2005) used an agent-based model (ABM) focused on infected individuals and Fitzgibbon et 
al. (2019) used a geographical information system (GIS)-based model. However, a limited number of such studies, clearly 
describe the system of time evolution equations underlying their model. 
In this study, we used a random-walk model (Nicosia et al., 2017; Escaff et al., 2018) to express the movements of random 
individuals in the 2-D space (geographic space) within a specific area. We then developed a model to calculate the 
probability of infection between two individuals who come into contact with each other, with a view to simplify this 
mechanism. We then used this model to investigate the efficacy of a 80% reduction in person-to-person contact in 
reducing infection transmission. 
2. Structures of the Model  
To analyze this individual process of infection transmission between people in a microcosm, we set up fields illustrating 
100 islanders on an isolated island as shown in Figure 1. We assumed 100 people were located a square island isolated 
outside this world and allocated each person to each cell of a 10 x 10 grid. We aimed to simulate people’s movements 
by using a random-walk model of the spread of infection as all the 100 inhabitants of this island (including those 
initially infected) randomly moved about the island. Each inhabitant (numbered from 1 to 100) moved between cells at 
a probability based on regulations shown in Figure 2. The probability of moving to each of the nine possible cells, 
including the initially allocated cell, ranged from 9.00% and 12.25%. If the probability of moving to each of the nine 
possible cells was equal, this probability would be 11.11% in each case. However, in this simulation the direction in 
which each individual moved in the east-west and north-south orientations was determined based on a random number 
between 0 and 1, where moving backward would make this probability < 0.35, forward > 0.65, and staying in the same 
place would make this probability 0.35–0.65. The results of this simulation are shown in the probability distribution in 
Figure 2. Nevertheless, if this pattern resulted in a move to a cell outside the grid from a cell at the margin, the east-west 
(right-left) or north-south (up-down) direction was forcibly reversed (akin to bouncing off a wall).  
 
Figure 1. 100 islanders on an isolated island. 5 islanders are infected at the initial stage 
Note: t=0. 
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Figure 2. Regulations of movement in the random walking 
Note: Left: Probabilities of presence at the next time-step. Right: Reflections at the margins. NRN=<0.35 (Backward), 
0.35<NRN<0.65 (Stay), NRN>=0.65 (Forward), On X (W-E) and Y (S-N) each. 
 
The initially infected inhabitants were designated as the islander in cell 55, who was located roughly in the center of the 
grid in Figure 1, and those in four other cells (45, 54, 56, 65) to the north, west, east, and south (up, left, right, down) of 
islander number 55, respectively. Following this, any inhabitant who occupied the same cell as any of the five originally 
infected islanders had a fixed probability of coming into contact with the infected islander and therefore becoming 
infected. For example, the track followed by islander 55 during the ten subsequent time-steps is shown in Figure 3.  
 
Figure 3. Random walking track of 10 time-steps 
Note: The islander of No. 55 
 
Because in real life infected individuals do not move around when they develop symptoms or receive a positive 
diagnosis, this is believed to limit subsequent infection transmission. Therefore, we also incorporated cessation of 
movement and removal from the system of persons who are infected in this. Simulations that cover long periods should 
also take into account the process of recovery and becoming virus-free. However, this simulation that was modelling the 
worst-case scenario did not incorporate these elements. Therefore, our model did not express the Recovered status from 
the SIR model but only focused on the initial spread of infection. 
When the population density in the grid cells was sufficiently low that even if two inhabitants occupied the same grid cell 
they did not come into direct contact, infection would not result. Whether or not inhabitants actually came into contact 
within the cells of the grid was handled as a sub-grid scale phenomenon, and a contact (infection) -rate parameter was be 
set. In this study, we re-envisaged this parameter as the percentage decrease in contact between inhabitants.  
3. Results 
As previously described, in this study we assumed that contact between inhabitants resulted in infection. 
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Figure 4 compares the spread of infection at time-step 10 under several different scenarios. In a scenario where there was 
free movement after a diagnosis of infection and no decrease in contact rates, 93 out of 100 inhabitants became infected. 
Some cells (yellow and red) contained four or more infected individuals.  
 
Figure 4. Comparison of infection between cases (at t=10) 
Note: Numbers of infected: More than 6 as red, 4 to 5 as yellow, 2 to 3 as green. 
 
In a scenario where no movement was permitted after diagnosis of infection, and the rate of person to person contact was 
not decreased, although some cells contained four or more infected individuals, only 22 out of 100 inhabitants were 
infected.  
In a scenario where free movement was permitted after diagnosis of infection, but the rate of person-to-person contact was 
decreased by 80%, only 32 out of 100 inhabitants were infected. 
As the basic behavior of our model closely aligned to our assumptions, we expanded it to a population of 10,000 people in 
a grid of 100 x 100 cells. Similar to Figure 1, the initial infected inhabitants were designated as the islander in cell 5050, 
roughly in the center of the island, and in the four cells (4950, 5049, 5051, 5150) to its’ to the north, west, east, and south 
(up, left, right, down), respectively. The number of time-steps was extended to 100 (Figure 5). 
 
Figure 5. A case of 10000 islanders (100 time-steps) (at t=100) 
Note: The maximum number of infected in a grid cell: 9. 
 
Figure 6 compares the spread of infection under several different scenarios. In the absence of any restrictions on 
post-infection movement or person-to-person contact, the infection spread exponentially, but by the end of the 
simulation it showed signs of levelling off, possibly because of the small number of uninfected individuals. 
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Figure 6. Spread of infection in each scenario: 100 islanders (10 time-steps) vs 10000 islanders (100 time-steps) 
Note: Including the initial 5 infected (t=0 to 10). Less than 1.25 % in the case of No-No (10000 islanders, 100 
time-steps). 
 
When the contact rate was reduced by 80% without any restrictions on post-infection movement, this was effective in 
limiting the spread of infection with only 40% of islanders infected at the end of the simulation. When restrictions on 
posts-infection movement were imposed without reducing the contact rate, the proportion of infected inhabitants in the 
10,000-person simulation was kept below 1.25%. It can’t be explicitly expressed in the vertical scale of Figure 6 and 7. 
These results indicate that although both isolating infected individuals (restriction of movement) and reducing contact 
are important, restricting movement has by far the greatest effect. 
Figure 7 shows the comparative infection rates at the final time-step for different rates of contact reduction. With 
unrestricted post-infection movement, the spread of infection was almost contained when contact was reduced by 90%. 
 
Figure 7. Infected rates at the final time-step in each scenario: 100 islanders (10 time-steps) vs 10000 islanders (100 
time-steps) 
Note: Not including the initial 5 infected. Less than 1.25 % in the case of No-No (10000 islanders, 100 time-steps). 
 
It is possible that reducing the rate of person-to-person contact appears to have little effect in the early stages of 
infection (simulation steps) because the diversity of movement generated by random numbers means that the focus is on 
whether or not individuals occupy the same cell, rather than whether or not they are in contact within the same cell. 
4. Discussion 
In this study we postulate that the figures intermediate between the two cases of post-infection movement or no 
movement should perhaps be considered as a more realistic scenario. For this reason, we did not express post-infection 
isolation in terms of the cessation of movement or removal from the system. 
The 80% reduction ought to be applied to individuals who are either uninfected or unaware that they are infected, and 
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not people who are aware that they are infected. 
The results of our numerical simulation of a temporospatial random walk model in this study are consistent with the 
rationale for the 80% reduction derived from a different approach, namely, the SIR model. 
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